Abstract: Monitoring and control of bioprocesses are generally hard to implement due to a lack of online and reliable information on cell culture variables. An algorithm combining measurements of biomass and cell concentrations through endogenous biomarkers with a predictive model and a trajectory referencebased observer is developed and validated using plant cell cultures. This algorithm enables the monitoring of unmeasured variables such as nutrient consumption and fixation. As a result, this algorithm would be utilized to implement new operational strategies such as avoiding nutrient limitations.
INTRODUCTION
Natural origin molecules produced by cell cultures in bioreactors are a source of useful compounds with applications in many fields, from pharmaceutical to new energies. The profitability of some industrial production processes using cell cultures in bioreactors would be improved by a closer control over culture conditions. But contrary to chemical processes, the control of bioprocesses is generally harder to implement due to high nonlinearities, multiple and complex interactions and above all a lack of online and reliable information on cell culture variables. This lack of online and reliable information makes the scale-up of other bioprocesses to industrial level harder and sometime non-feasible.
A solution would be to combine online measurements with a predictive mathematical model and an observation algorithm so as to obtain online estimation of variables to be controlled. Bizier et al. (2010) identified natural fluorescence signals from plant cells cultures correlated with biomass and cell concentrations.
Cardin-Bernier (2010) adapted a mathematical model from Sirois (2000) to take intracellular nutrient fixation into account so as to establish a link between this physiologic model and a metabolic model. This paper aims at combining the online fluorescence signals from Bizier et al. (2010) with the predictive model from CardinBernier (2010) using a direct observer algorithm.
Materials and methods
Two cells species have been studied: Arabidopsis thaliana (from Pr. Nathalie Baudoin, Université de Sherbrooke) was cultivated in Murashige and Skoog medium (Murashige and Skoog, 1962) and Eschscholzia californica (initiated in august 2007 from seeds, Ritchers. Cat.number : S4720,) in B5 medium (Gamborg et al., 1968) .
After, sampling, dry weight concentration and cell concentration were measured as described in Cardin-Bernier (2010) . Endogenous biomarkers were measured from induced fluorescence of a 150 µL sample of cell culture using a Safire 2 Spectrophotometer (Tecan) as described by Bizier (2009) .
Extracellular ions and carbohydrate concentrations were measured by filtering a sample of cell culture trough a 0.45 µM filter. The filtrate was diluted with deionised water (1/5 for the ions, 1/50 for the carbohydrate), filtered through a 0.22 µM filter then analysed using a HPLC (ICS 3000 (Dionex) with AG11-HC column (2x250mm) and KOH 25 mM as the isocratic mobile phase for anions, ICS 3000 (Dionex) with CS12A column (2x250mm) and a mobile phase of methanesulfonic acid (gradient from 10 to 30 mM) for cations; Variant (BioRad) with HPX-87P column (7.8x300mm) and deionised water as the mobile phase for carbohydrates).
Intracellular ions concentrations were measured by filtering a sample through a 0.45 µM filter. About 300mL of liquid nitrogen were added to the filtered biomass cake in a mortar and grinded with a pestle. A sample of 0.5 g was resuspended in 8 mL of deionised water, shaken (120 rpm, 1 hour) and filtered through a 0.22 µM filter. The ions concentrations were measured with HPLC as described before.
ENDOGENOUS BIOMARKERS

Identification of candidates from laser-induced fluorescence scan
Endogenous biomarkers are fluorescence signals at specific wavelengths emitted by natural occurring molecules in cell cultures when excited with a laser at another specific wavelength. Candidate fluorescence couples (λ excitation identified by scanning solutions of pure natural occurring molecules (Bizier et al., 2010) . The fluorescence peaks from each molecule in solution were noted as candidate to be endogenous biomarkers.
Fluorescence profiles were obtained for each candidate scanning plant cell culture samples from different time over the culture period (Fig. 1) . Fluorescence amplitudes were extracted from the 2D scans for each candidate couple 
Association of fluorescence signals to state variable concentration
Fluorescence profiles corresponding to candidate couples were compared with four variables characterizing cell growth: dry biomass concentration (g/L), cell concentration (10 9 cells/L), biomass growth rate (h -1 ) and cell proliferation (h -1 ). From the 16 endogenous biomarkers identified by Bizier et al. (2010) , three were correlated with biomass concentration and two with cell concentration (Fig. 2) . Different profiles of biomass concentrations (Fig. 3) and cell concentrations were obtained during cell culture by transforming the fluorescence amplitudes to estimation of concentrations using the correlations coefficients of the corresponding biomarkers. Estimation of cell concentration by endogenous biomarkers has given an average error (a.e.) of 18% similar to the a.e. of 17% from manual cell counting using a hemacytomet result confirms the endogenous biomarkers as being more accurate than other techniques such as the measurement of esterase enzymatic activity (a.e. 23%) concentration (a.e. 30%) for the estimation of cell with important functions within cell metabolism (Hisiger and major advantage of natural endogenous biomarker An optical probe can scan the culture without sampling. Moreover, the addition of a that could interfere with growth kinetics or excitation , λ emission ) were identified by scanning solutions of pure natural occurring
The fluorescence peaks from each molecule in solution were noted as candidate to be les were obtained for each candidate by from different time over 1). Fluorescence amplitudes were extracted from the 2D scans for each candidate couple. ell culture sample. Surface is the fluorescence amplitude. Dots projections locate
state variables
Fluorescence profiles corresponding to candidate couples compared with four variables characterizing cell growth: dry biomass concentration (g/L), cell concentration ) and cell proliferation From the 16 endogenous biomarkers identified by ere correlated with biomass concentration and two with cell concentration (Fig. 2 ).
Different profiles of biomass concentrations ( Fig. 3 ) and cell concentrations were obtained during cell culture by transforming the fluorescence amplitudes to estimation of concentrations using the correlations coefficients of the Estimation of cell concentration by endogenous biomarkers an average error (a.e.) of 18% similar to the a.e. of hemacytometer. This result confirms the endogenous biomarkers as being more such as the measurement of . 23%) and DNA for the estimation of cell concentration. Estimation of dry weight concentration by endogenous biomarker has a higher weight measurements from samples ( Endogenous biomarker technique has the major advantage of being measured directly from the sample without an treatment and has the potential to be measured online. Estimation of dry weight concentration by higher a.e. (13.4%) than the dry from samples (bellow 5%). Endogenous biomarker technique has the major advantage of being measured directly from the sample without any pretreatment and has the potential to be measured online. doesn't reject erroneous estimations but it improves the robustness of the final estimation.
The second method is to weight each signal using a moving reconciliation gain as in (1).
where Y is the unique estimation of the variable obtained from n biomarkers ܵ መ . The moving reconciliation gain Γ i is made of two parts: a constant numerator and a variable denominator. Two gains are utilised to tune the algorithm. β i is a direct weight to the biomarker estimation that represents the confidence on the biomarker to generate accurate estimations. It gives a relative importance to a biomarker compared with others. α i weights the difference between the biomarker estimation ܵ መ and the average estimation ܵ ̅ from all the biomarkers. This gain serves to eliminate erroneous estimations from any biomarker at any measurement time.
The moving reconciliation gain Γ i is then recalculated every time a new measurement is made. The sum of the biomarker gains will always be 1 as seen in (1) so as not to change artificially the value of the estimation.
PREDICTIVE MATHEMATICAL MODEL
Predictive model will link cell culture variables to each other using kinetics and yields evaluated from experiments. The model from Cardin-Bernier (2010) states that extracellular nutrients n e are consumed by cells to become intracellular nutrients n i and fixed thereafter on building-block molecules n f used within cell metabolism. Parallel to reactions of fixation, degradation of building-blocks occurs leading to intracellular nutrient rises. These intracellular nutrients contribute finally to biomass accumulation and cell proliferation. The corresponding reaction scheme is: were PO 4 , NO 3 , NH 4 and g (glucose) are the nutriments, X is the biomass concentration while C is the cells concentrations, subscripts e, i and f stand for extracellular, intracellular and fixed respectively.
From the general formulation of a mass-balance model corresponding to a batch system:
where ξ is the vector of state variables, K is the matrix of yield coefficients and ϕ is the vector of kinetics, the system described in (3) corresponds to: 
... where φ are the specific kinetics of nutrients, µ x and µ c are the biomass growth rate and the cell proliferation rate respectively, K x and K c are the kinetics constants associated with biomass and cells respectively, subscripts F and D refer to fixation and degradation kinetics respectively whereas nut stands for any nutrient. Coefficient values are presented in appendix A (Table 1) . Using this predictive model with coefficient values from Table 1 the predicted profiles for growth and nutrients consumption were generated from initial conditions (Fig. 4) . Using this model it has been possible to predict nutrient limitations on glucose, PO 4 , NO 3 , and NH 4 as well as the impact of different initial concentration of these nutrients on the biomass growth rate and the cell proliferation rate.
STATE OBSERVER
A state observer based on a mass balance as described by Dochain (2008) will link the model to experimental measurements through the endogenous biomarkers. The general form of the state observer is :
where ξ is the vector of variable estimations, ϕ(ξ ) is the vector of kinetic estimations, Ω is the matrix of observation gains, Y(t) is the value of the measured variables obtained after data reconciliation of the biomarker signals and h(ξ ) is the estimations of the measured variables.
The observer of (12) is well adapted for continuous online measurements. However, when measurements are discontinuous, a modification to the general form is required so as to avoid stairs-like profiles. The discontinuous measurement Y(t) of biomass and cell concentrations from endogenous biomarkers in (12) is replace by the trajectory the measured variable should adapt based on the last measurement and the model kinetics. The observer has the new form:
where the reference trajectory ܻ ෨ ሺ‫ݐ‬ሻ is obtained from the more recent measured value of Y and the model growth rate.
K 1 is the sub-matrix of K associated with the measured variables (K(1:2,4:5)) and ξ 2 i a vector of the state variables not measured (ξ (3:11)).
The matrix of observation gains Ω is defined so as the estimations of state variables will be corrected according to their biological relations as stated in the reaction scheme in (3). The correction term in (12) becomes: The final observation algorithm results from the combination of the endogenous biomarker measurements, the reconciliation algorithm (1), the predictive model from (4) to (11) and a state observer from (13) to (15).
The convergence and the stability of this observation algorithm were evaluated by looking at the boundaries and at the roots of the system. First, all the variables of the system being bounded, the observer is bounded. Second, the real parts of the Eigenvalues from this observer being negatives at any time, the observer converges to a stable solution within its boundaries (Dochain, 2008) .
The structure of this observation algorithm enables real-time correction of the model kinetics from the measurements of a limited number of state variables. This structure is adapting the prediction of the model to take into account any process deviation not considered by the model kinetics. This feedback behaviour is a major improvement over the solely predictive model so as to generate a more accurate description of the state variables over time.
An example of resulting profiles is illustrated at Fig. 5 . 
CONCLUSIONS
This observation algorithm will enable the monitoring of unmeasured culture variables such as nutrients consumption and fixation. This tool can be implemented to help in strategic decision, to avoid nutrient limitations occurring at too high and/or too low concentrations, to link the culture conditions to a metabolic model. 
